The human microbiome is an extremely complex ecosystem considering the amount of bacterial species, their interactions, and its variability over time. Here we untangle the complexity of the human microbiome for the Irritable Bowel Syndrome (IBS) that is the most prevalent functional gastrointestinal disorder in human populations. Based on a novel information theoretic network inference model we detect species interaction networks that are functionally and structurally different for healthy and unhealthy individuals. Healthy networks are characterized by a neutral symmetrical pattern of species interactions and scale-free topology versus random unhealthy networks. We detect an inverse scaling relationship between species total outgoing information flow, meaningful of node interactivity, and relative species abundance (RSA). The top ten interacting species are also the least relatively abundant for the healthy microbiome and the most detrimental. These findings support the idea about the diminishing role of network hubs and hubs should be defined considering the total outgoing information flow rather than the node degree. Macroecologically, the healthy microbiome is characterized by the highest total species diversity growth rate, the lowest species turnover, and the smallest variability of RSA for all species. This result challenges current views that posit a universal association between healthy states and the highest absolute species diversity in ecosystems. Additionally, we show how the transitory microbiome is unstable and microbiome criticality is not at the phase transition between healthy and unhealthy states. We stress out the importance of considering interacting pairs versus single node dynamics when characterizing the microbiome and of ranking these pairs in terms of their dynamics. Interactions (i.e. species collective behavior) shape transition from healthy to unhealthy states. The macroecological characterization of the microbiome is useful for diagnostic purposes and disease etiognosis, while species-specific analyses can detect species that are more beneficial leading to personalized design of pre-and pro-biotic treatments and microbiome engineering.
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Microbiome Dynamics and Health
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Microbial ecology has become an important topic for health sciences and other sciences such 
Material and Methods
128
Microbiome Data
129
We considered microbiome data originally published by Durbán et al. [24] and later on used 130 by Martí et al. [60] for which species data of six individuals was available over time (30 days). Fine 131 scale species Operational Taxonomic Unit (OTU) RSA data were derived by published 16S rRNA and 132 shotgun metagenomic sequencing (SMS) data pertaining to the gut microbiotas. In Durbán et al. [24] , 133 species-level phylotypes were defined at 97% of sequence identity, that is the lowest taxonomic rank 134 that is used to identify differences in biological states of interest (e.g. healthy and unhealthy). Two 
Time Series Reconstruction
148
The raw data available present the challenge of individuals sampled for different time lengths. is done by copying the data in B till the 30th day. LCM for C and C1 is 45; yet, both C and C1 time 157 series were extend to 45. LCM for P1 and P2 is 126; yet, both time series have been expanded to the 158 126th day. These examples show that data rich sample are more kept as they are while data poor 159 samples are extended. In order to create pdfs of RSA representative of each group we considered the 160 average values of RSA for common species. If for individuals belonging to the same group different 161 species were found, the pdf of RSA was just based on the time series as they were. This choice is 162 dictated by the desire to emphasize common dynamics for each group when possible. 
Probabilistic Characterization of the Microbiome
165
We characterize probabilistically the distribution of microbiome macroecological and species To infer species interaction networks based on microbial RSA data we ground our approach 182 on the model developed in Servadio and Convertino [73] as well as on previous computational 183 efforts [54, 84] . We consider the microbiome as a dynamic network of species interactions 184 where the total free energy changes over time. Codes are available at the GitHub account 
where x i denote the i − s variables that contribute to the total information of the network N. as in Servadio and Convertino [73] .
203
The computation of TE is based on the distributions of the two variables of interest (i.e., RSA)
204
conditioned on their histories. Comparing the conditional probability of the variable on its own history 205 with the conditional probability of the variable on both its own history and the history of a predictor 
where X i,τ and X j,τ denote the respective histories of X i and X j at time t as well as considering all pattern of interest. The edges that comprise the network with the greatest total TE are then included.
232
Selecting the edges that contribute to the greatest amounts of TE, according to the MaxEnt theory,
233
produces the network that most accurately describes "causal" patterns among the included variables.
234
A utility function is needed in order to establish the function where MaxEnt is applied. The utility 235 function can be thought as a systemic (network) value function ∑ i,j f i,j (X) w i,j (potentially multiplied 236 by weight factors w i,j ) where value functions f i,j are TEs among RSAs. These TEs as in Eq. 3 assess 237 the potential causal interaction between species pairs. Thus, the utility function is the total network 238 entropy H(N) (Eq. 2) that needs to be optimized in order to define necessary and sufficient TEs with 239 the maximum entropy. The optimization can be subjected to feasibility constraints, for instance related 240 to the ability to control certain species or data limitations. In the context of the present goal of creating 241 a microbiome network indicator, the value functions f i,j are defined as:
where {X i , X j } represents the directed edge connecting X i to X j , and MENet (Maximum
243
Entropy Network) represents the set of directed edges in the network with the maximum total 244 network entropy H(N). The selection of edges to be included in the network is determined by 245 finding the network with the greatest total entropy as in Eq. 2. In the present study, the utility 246 function is defined as the total TE of the network (plus Shannon entropies of each RSA but those 247 turn out to be second or third order factors that can be neglected), and it was maximized by 248 selection of the f i,j functions. To the best of our knowledge, this is one of the the first times that TE
249
was framed in a decision analytical model via a network threshold entropy criteria that defines MENets. 
where ∑ j f i,j (X) = OTE and ∑ j f j,i (X) = ITE where OTE and ITE are the total outgoing and 265 incoming TE for a node. Thus, variable inclusion depends on the comparison of the TE projected by 266 the variable X i onto the other variables and the TE projected by the other variables onto X i .
267
The defined function g was then used to create the total network entropy that can be used to 268 carefully describe the network dynamics: [73] ), and analytically the are formulated as: distinct species S = {S 1 , S 2 , ..., S n } whose RSA X = {X 1 , X 2 , ..., X n } changes over time, we define the 303 local species diversity, or α-diversity as:
where p k (t) is the probability to find one species at time t. Thus, α is the sum of diverse species 
proportional to the Shannon index that is the local species diversity of order one [43] . 
where
is the number of species present at both time steps if
is the number of species 314 present at time t (or t + 1) (Eq. 8).
315
Note that this definition of β is proportional to the "true" β that is classically defined as the number 316 of diverse species between two samples (either over space or time). β-diversity can also be defined as a 317 second order index where the entropy related to β is
network entropy (Eq. 2). Considering the variation of diversity over time β-diversity is proportional to 319 the complementary of the mutual information 1
. Yet, The total diversity γ is defined as:
is an event when a species is introduced in the microbiome; this species can be already present or 324 can be a new distinct species that is established over the total number of speciation events M.
325
M is the sum of all species at any given time independently of their diversity calculated from time t = 1 to the final time of observation T; equivalently, M is the number of events when new or existing species are introduced. A speciation event is an event when a species is introduced in the microbiome; this species can be already present or a new distinct species. The concept of speciation event is introduced because that determines the number of total species introductions independently of the true temporal dimension. Thus, the speciation event focuses on the dynamics of the process independently of time because it counts events. The total number of speciation events, can be related to the number of unique species S (i.e. all distinct species occurred in the time period) as follows.
where S is the number of unique species across the whole observation period, x i is the RSA of the The functional distance between species is defined as:
where the value is considering the minimum for all possible time delays τ. X i and X j are the 
343
The calculation of the structural distance is based on the functional distance and the concept of 344 the shortest path. The structural distance is then defined as the minimum number of steps from one 345 node (species) to another independently of the magnitude of these steps (e.g. in terms of TE). Thus,
346
analytically the structural distance is defined as:
where A ij = TE 0 ij is the adjacency matrix that can be formulated in terms of TE. The rationale for In terms of connectivity the functional degree is defined for the directed network as the sum of the 353 weighted in-and out-degree (i.e. TE) elevated to a power exponent equal to zero. Then, analytically 354 the functional degree is:
where ∑ f i,j (X) = TE ij is the transfer entropy as defined in Eq. 3.
356
The structural degree is defined by thinking the network as an undirected network, thus
where 
Results
362
The simplest analysis of the microbiome starts by looking the temporal trajectories of RSA. By a 363 simple cursory analysis it is evident that the average RSA of the healthy microbiome is lower than 364 the average RSA of the unhealthy microbiome independently of the species; however, the maximum
365
RSA is higher for the healthy microbiome and that species is one of the the most beneficial for health.
366
A recent data set with absolute abundances suggests that healthy gut microbiota have higher total The inferred microbial networks corresponding to the three microbiome groups are shown by the ability to change as a function of external stressors as well as the higher stability of the optimal healthy state. However, the latter seems easy to perturb consider the lower entropy (and probability) 449 to be defined in one state.
450
Species collective interaction and singular importance is shown in Figure 4 by abundant species for the unhealthy microbiome are the most interactive and the least detrimental.
464
On the contrary, the most relatively abundant species (Fig. S4) 10 OTE species with negative feedbacks (top and bottom plots of Fig. S6 ).
485
The non-linear duality between microbiome structure and function is shown in Figure 5 where 486 structure is considered via the network degree ( Fig. S8 and S9 ) and function is about the nodal (Fig. S8) normalized and the distribution of α over the normalized distance shows a random arrangement for 523 the unhealthy group with respect to the healthy one.
524
The most interesting results we find is when we combine microbiome service and function 525 indicators, for instance considering total macroecological diversity γ and OTE. Figure 6 shows the 526 relationship between γ and the temporal sampling scale (i.e. the number of speciation events) in 527 analogy to the species-area relationship widely used in macroecology [38] . The plot shows a scaling 528 relationship for two orders of magnitude whose exponent is higher for the healthy than unhealthy 529 group underlying the optimal growth of diversity for the healthy microbiome. Considering this 530 optimal diversity growth relationship it is meaningful how the transitory microbiome has the largest 531 value of γ leading to a change in diversity from the healthy species "poor" to the unhealthy species
532
"rich" microbiome. Perhaps healthy individuals have larger gradients of speciation events and 533 higher growth rate for γ-diversity because they produce more species (diverse of not) to guarantee Zipf's law (in our case of RSA which influence macroecological indicators). These results are in 540 synchrony with the power-law decay of species similarity 1 − β over time (Fig 6 bottom left plot) .
541
When considering OTE of species as a function of their RSA we find a surprising scaling law for four species abundance with respect to the whole community. Abundance and/or RSA seems also the 568 most likely to detect species functional roles and interactions as highlighted by recent studies [57, 70] .
Discussion
569
Constructing a network for each health group is the purpose of studies like ours that try to identify 570 common group dynamics in populations independently of individual variability (see e.g. Bashan et al.
571
[8]). The identified network topologies have a correspondence with the dynamics of RSA, that is a 572 critical dynamics for the scale-free information network associated to the healthy state, and exponential 573 dynamics for the random network associated to the unhealthy state. The total network entropy is 574 the lowest for the healthy microbiome for any threshold of the information flow TE (Fig. 2) . This found. Reliability is not only dependent on the sample size but also on the consistency and differences 592 within and among samples. In this particular study we find striking differences between potential 593 health states and many times concordant with the reported literature. Further research is required to 594 for both the adjacency and TE matrix; the dominant eigenvalue is the smallest for the healthy group 648 which is a signature of stability of the network [20] .
649
In our microbiome data we consider the complementary of β-diversity over time via the Jaccard
650
Similarity Index (JSI) and we show that JSI is higher for the healthy than the unhealthy microbiome in β is typically associated with a decrease in α as much as we observe for the healthy microbiome,
661
and this is also associated to fluctuations of α that are smaller than for the unhealthy microbiome.
662
The "proportional species turnover" (i.e. where
species diversity is not contained in an average representative sample, is also higher. In ecology these 664 quantities are typically evaluated over space and in healthy conditions 1-β has a relatively fast decay 665 but never goes to zero; this means that heterogeneity exists but even communities far apart have 666 species in common. Considering space in unhealthy conditions, typically the "true" β-diversity is 667 smaller than in healthy conditions because much more homogeneity is achieved.
668
The higher variability of β-diversity in healthy individuals highlight the "Anna Karenina 
674
[19] had previously found that ecosystem hotspots are those that maximize the Value of Information
675
(of biodiversity) which coincides with those that minimize β-diversity variability over time. The 676 multiplicity of "unhappy/unhealty" states is reflected by the network topology that is random for 677 the unhealthy group, which allows many more potential unhealthy microbiome combinations. We Similarly to other ecosystems we show that scale-invariance (that is occurring for the healthy 683 microbiome) does not arise from an underlying criticality (where fluctuations becomes bigger and 684 bigger causing the system to tip abruptly) nor self-organization at the edge of a phase transition.
685
Instead, it emerges from the fact that perturbations to the system exhibit a neutral drift (also relate 686 to small extrinsic environmental changes) with respect to the endogenous spontaneous dynamics.
687
This neutral dynamics, similar to the one in genetics and ecology, shows fluctuations of all sizes 688 simultaneously that likely determine power-law distributed species diversity (as well as power-law 689 information exchange among species). The tipping point that is observed, e.g. between healthy 690 and unhealthy microbiome, is a second-order critical transition where exogenous fluctuations are 691 too large to be assimilated by the system and the microbiome tips from healthy to unhealthy. This 692 transition is evident in the shape of the pdf of microbiome function and diversity but not in the shape 693 of microbiome structure (unless a rescaling in size, for instance for the microbial network degree (see 694 Fig. S5 top plot) ).
696
The introduction of new pathogens driven by the environment can lead to the alteration of the whole ecosystem microbiome [60] . In our case study, despite the non explicit consideration 698 of the disturbance agent, we see a transition in IBS individuals from healthy to unhealthy states.
699
This disturbance agent has however been considered in Durbán et al. [24] and Martí et al. [60] and environmentally driven variability. One must keep in mind that these interactions are based on 708 mutual RSA interdependence assessed by TE so that might not represent the whole "true" interactions 709 among species; however, recent evidence points to this conclusion [57, 70] . 
725
We show that these higher-order interactions cannot be prevalent because some species must have 726 an independent dynamics (captured by µ i ) otherwise instability and tendency toward disorganized 727 unhealthy state is very likely (Fig. 4) . where the highest total diversity correspond to the stable and supposedly healthy state [85] .
776
However, we speculate that an optimal diversity growth is oriented toward maximizing growth 777 rate rather than total diversity (as according to many Pareto portfolio theories Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 28 March 2019
